Safe transportation is a key use-case of the 5G/LTE Rel.15+ communications, where an end-toend reliability of 0.99999 is expected for a vehicle-to-vehicle V2V transmission distance of 100-200 m. Since communications reliability is related to road-safety, it is crucial to verify the fulfillment of the performance, especially for accident-prone areas such as intersections. We derive closed-form expressions for the V2V transmission reliability near suburban corners and urban intersections over finite interference regions. The analysis is based on plausible street configurations, traffic scenarios, and empirically-supported channel propagation. We show the means by which the performance metric can serve as a preliminary design tool to meet a target reliability. We then apply meta distribution concepts to provide a careful dissection of V2V communications reliability. Contrary to existing work on infinite roads, when we consider finite road segments for practical deployment, fine-grained reliability per realization exhibits bimodal behavior. Either performance for a certain vehicular traffic scenario is very reliable or extremely unreliable, but nowhere in relatively proximity to the average performance.
I. INTRODUCTION
The United Nations World Health Organization estimates that 1.25 million people are fatally injured every year due to road-traffic accidents [1] . Studies conducted by the US Department of Transportation suggests that 2% of crashes are due to vehicle components failure or degradation;
another 2% are attributed to the environment and weather conditions, while a staggering 94% is tied to human choice or error, such as careless driving, speeding, and driving under the influence [2] . This alarming reality suggests that human cognition is insufficient in its capacity to maneuver in an intricate transportation system with high reliability. Reliance on augmented technology is thus needed to compensate for the limitations of human drivers. Eventually, highly automated vehicles (HAV) will operate in self-driving capability through 360-degree awareness of their surroundings via artificial intelligence, machine learning and cooperative communications.
Present manifestations of autonomous vehicles rely predominantly on radars, cameras, LiDARs, ultrasonic sensors, GPS, and cloud-based vehicle-to-network 3D digital mapping. Sensorbased autonomous vehicles are, however, constrained by line-of-sight, and their effectiveness is significantly influenced by weather conditions, such as fog, sunbeams, heavy rain and snow.
Meanwhile, vehicle-to-vehicle (V2V) communications is the only HAV-related technology that has the capacity to see around corners in the presence of urban structures. Moreover, V2V
communications is more reliable than sensors in harsh weather conditions. Although current efforts are still at the research phase, dynamically formed vehicular ad hoc network (VANET) will inevitably be included within the HAV ecosystem. Evidently, the addition of V2V capability as a complementary technology and as a supplemental source of system redundancy is expected to improve the reliability of machine-driven units and, as a consequence, further shrink the likelihood of accidents by HAV-systems [3] , [4] . And this is not surprising, given that standalone V2V technology is estimated to prevent up to 35% of serious road accidents [5] .
There are various V2V use-cases that require careful investigation and analysis for the purpose of enhancing road-safety and traffic efficiency. Data assessed between 2010 to 2015 suggest that the nearly half of all vehicular accidents occur at intersections [6] . Despite vehicular highdensification and greater proliferation of accident avoidance technology, it is surprising to note that the rate of intersection accidents remained consistent year after year. These numbers reveal that intersection-related accidents are high consequence events that occur with a very high probability. Thus, carefully studying the reliability of V2V communications around intersections, and in particular blind urban junctions where the loss due RF propagation is of major concern (see Fig. 1 ), will help us assess the feasibility of seeing non-line-of-sight vehicles near corners.
A. Enabling Technology
To ensure effective scalability and interoperability among radio units mounted on vehicles, standardization is of utmost importance. Today, there are two competing standards: (i) IEEE 802.11p, commonly known as direct short range communication (DSRC) 1 [7] ; and (ii) cellular-V2X (C-V2X) 2 connectivity supported by 4G/LTE Rel.14+ [8] - [10] . The competition among these two standards is still fluid and continuously evolving. Granted, the locally-based DSRC standard is defined and ready for utilization, whereas the network-based C-V2X is still under development for 5G/LTE Rel.15+ operation aimed around 2020. Meanwhile, HAV-systems will rely on machine learning capability, where hours of driving experience will serve as an acquisition 1 DSRC for dynamic vehicles relatively resembles the popular Wi-Fi (IEEE 802.11) standard utilized for quasi-stationary wireless connectivity.
2 C-V2X also supports direct VANET communication (i.e., similar to DSRC) without necessarily relying on network involvement for scheduling.
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Communicating real-time big data generated by HAVs will require the potential of 5G broadband connectivity where a peak data rate of 10 Gbps is projected [11] . It is reassuring to know that such multi-Gbps transmission is envisioned and possible using technologies such as mmWave communications [12] , [13] . Moreover, C-V2X is expected to deliver a larger communications range; by some estimates twice the distance of DSRC for a fixed reliability value. Further, the reliability under 5G performs significantly better than DSRC [14] . Also, greater mobility of up to 500 km/hr is supported. Overall, the reliance on C-V2X operating with 5G seems promising and quite compatible with the requirements of HAV-systems.
B. Problem Statement and Contribution
Ultimately, we need to develop analytical expressions that will serve as a mechanism to quantify the extent of reliability for a certain V2V communication link and eventually aid in identifying the contribution of relevant parameters for the purpose of network design. Analytical modeling based on point processes is well suited to study such problems where techniques from stochastic geometry have been applied to vehicular communications (e.g. [15] - [23] ). As for intersections, they were explicitly considered in [18] , though only for suburban/rural scenarios over infinitely long roads. For the analytical expressions to have practical real-world relevance, they must build on plausible VANET scenarios coupled with channel models validated by extensive measurement campaigns [24] , [25] . The above-mentioned works in stochastic geometry allow the evaluation of the average reliability, obtained by averaging over different fading realizations and node placements. This average reliability may obscure the performance for specific node configuration [26] , referred to as the fine-grained reliability.
In this paper, we perform a study of average and fine-grained reliability, dedicated to urban intersections, which have particular propagation characteristics [27] - [30] , complementing and generalizing the results in [18] and [23] . The key contributions of this paper are summarized as follows:
1) We evaluate the transmission reliability as a function of system parameters, vehicular traffic, infrastructure geometry, and empirically-validated V2V channel propagation models geared for suburban and urban intersections. The analysis is generic and allows for closed-form expressions over finite road segments of practical significance for real-world deployment.
2) While considering a large number of design parameters embedded within the derived reliability metrics, we demonstrate the approach for re-configuring the VANET in order to ascertain a target reliability.
3) Using extensive Monte Carlo simulation techniques, we show the fine-grained V2V reliability obtained through the meta distribution. Although analytically accurate, the discrepancy between average reliability and fine-grained reliability is substantial from a practical standpoint. The most striking observation is that average reliability provides an oversimplified distortion of the actual communication performance incurred by each vehicular traffic realization under the specified VANET scenario.
C. Organization
The rest of the paper is organized as follows. In Section II, we outline the considered VANET network traffic and geometry and describe the specialized intersection-based channel models for V2V communications under line-of-sight (LOS), weak-line-of-sight (WLOS), and non-line-ofsight (NLOS) scenarios. Then, in Section III, we dissect the stipulated requirements for reliability in 5G communications; we provide an analytical definition for reliability and relate it to its average; we also explain the notion of fine-grained reliability. Closed-form performance measures for different channel environments are subsequently derived in Section IV and applied to network design in order to meet a preset target performance. Furthermore, in Section V, we display results from fine-grained reliability based on extensive Monte Carlo simulations of the meta distribution, and we discuss its unexpected relation to standard reliability assessment obtained through averages. Finally, we conclude the paper with Section VI.
II. SYSTEM MODEL

A. Network Model
The analysis is based on VANET formed near suburban corners and blind urban intersections, where the network traffic and geometry is described as follows. The transmitter (TX) can be located anywhere on the horizontal or vertical road, and the receiver (RX), which, without loss of generality, is confined to the horizontal road. Hence, x tx = x tx e x + y tx e y and x rx = x rx e x , where x tx , x rx , y tx ∈ R, such that x tx y tx = 0, where
Other vehicles are randomly positioned on both horizontal and vertical roads and follow a homogeneous Poisson point process (H-PPP) over bounded sets B x = x ∈ R |x| ≤ R x and B y = y ∈ R |y| ≤ R y , such that R x > 0 and R y > 0 are road segments of the intersection region, and the vehicular traffic intensities are respectively given by λ x and λ y . Moreover, interfering vehicles follow an Aloha MAC protocol 3 and can transmit independently with a probability p I ∈ [0, 1]. In the rest of the paper, the following shorthand notations are accordingly used to refer to the geometry of interfering vehicles on each road, modeled by thinned H-PPPs
such that n and m are random Poisson distributed integers with mean p I λ |B|, where |B| is the Lebesgue measure of bounded set B. All vehicles, including TX, broadcast with the same power level P • . The receiver signal-to-interference-plus-noise-ratio (SINR) threshold for reliable detection is set to β, in the presence of additive white Gaussian noise (AWGN) with power N • .
The SINR depends on the propagation channel, described next. 3 Resource selection for DSRC is based on CSMA with collision avoidance; and C-V2X defined by 3GPP-PC5 interface relies on semi-persistent transmission with relative energy-based selection. Nonetheless, for the purpose of preliminary analysis, we here only consider the Aloha MAC protocol.
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B. Channel Models
The detected power observed at the RX from an active transmitting vehicle at location x is modeled by P rx (x, x rx ) = P • ch (x, x rx ), which depends on transmit power P • and channel losses ch (x, x rx ). The channel losses consist of three components: average path loss pl (x, x rx ) that captures the propagation losses, shadow fading s (x, x rx ) that captures the effects of random channel obstacles, and random small-scale fading f (x) that captures the non-coherent addition of signal components. For the purpose of tractability, we implicitly consider shadow fading to be inherent within the H-PPP, and thus regard ch (x, x rx ) pl (x, x rx ) f (x) [31] , [32] . We model
as Rayleigh fading, independent with respect to x. The path loss pl (x, x rx ) for different channel environments is described below.
1) Suburban/Rural Channel: As shown on Fig. 2a , the average path loss model that is generally considered for V2V propagation adheres to an inverse power-law [24] , [25] ; thus
In this expression, · is the l 2 -norm, A • corresponds to the LOS/WLOS path loss coefficient, which is primarily a function of operating frequency f • , path loss exponent α > 1, reference distance d • , and antenna heights h (x) and h (x rx ).
2) Urban Channel: For metropolitan intersections where the concentration of high-rise and impenetrable metallic-based buildings and structures are prevalent, the previous model is rather unrealistic. As a consequence, a specialized channel predictor is required. Real-world measurements of V2V communications operating at 5.9 GHz were conducted at different urban intersection locations within the city of Munich, Germany. This led to the development of the VirtualSource11p path loss model [29] , where the name refers to a virtual-relay at the junction point. A subsequent study conducted in Lund, Sweden independently validated the accuracy of this model [30] . As a result, it serves as inspiration to our simplified model that accounts for all possible channel occurrences as vehicles navigate around the intersection 
α , where the determination of A • was described earlier.
Remark 1. The model in (4) exhibits discontinuities. A mixture (a linear weighting) of these models can be used to avoid these discontinuities, though this is not considered in this paper.
Remark 2. We will only consider the plausible case where the region of H-PPP interferers is greater or equal than the path loss break-point distance, i.e., min (R x , R y ) ≥ .
III. GENERALIZED TRANSMISSION RELIABILITY
For road-safety purposes, a 5G reliability of 10 −5 is required up to transmission distance of 200 m in the suburbs, and 100 m in urban settings [33] . With limited cross-layer optimization, this end-to-end requirement can be dissected as follows: 10 −2 ∼ 10 −3 at the physical (PHY) layer; 10 −4 at the MAC layer (with at most 2 ∼ 3 low-latency retransmissions); and 10 −5 at the network layer. Such reliability categorization is generally consistent for semi-autonomous vehicles operating with dual LiDAR/V2X capabilities. Full autonomy will require stringent ultrahigh reliability in the range of 10 −7 ∼ 10 −9 . To assess these values for different VANET scenarios, we require: (i) a definition for reliability, and (ii) a general evaluation mechanism for reliability.
A. Defining Reliability
There are multiple ways to define reliability, the most prevalent among them are:
• Rate Coverage Probability: This metric, suitable for long packets, refers to the likelihood that the achievable rate R ar = B log 2 (1 + SINR) (measured in bits per seconds) at the RX, where B is the bandwidth of the communication link, is larger than a threshold r th ;
i.e., Pr (R ar ≥ r th ) = Pr (SINR ≥ β), such that the SINR threshold corresponds to β 2 r th /B − 1. The link layer outage probability is defined as: 1 − Pr (SINR ≥ β).
• Maximum Coding Rate: This metric, suitable for short packets, is a function of the finite packet length n p BT , where T is the transmission duration; and finite packet error
where
is the inverse of the Gaussian Q-function and V is channel dispersion [34] , [35] . In other words, to sustain a target PER over a finite packet size, a penalty is incurred to the achievable rate.
Although the maximum coding rate is a generalization of the rate coverage probability, analysis in conjunction with point processes is yet to be developed. As a result, we will consider the rate coverage definition for reliability, detailed next.
B. Average Reliability
Our goal is to determine the success probability P c (β,
Pr (·) is averaged over small-scale fading of the wanted link f (x tx ) and point processes Φ x and Φ y ; and where
in which γ • =N • /P • . We introduce a normalized aggregate interference associated with some process Φ as:
After isolating for the exponentially distributed fading of the useful signal, and taking the expectation of the probability with respect to interference, we obtain
where β = β/ pl (x tx , x rx ), P noint is the success probability in the absence of interference,
and P • (Φ y ) are respectively the degradation of the success probability due to independent aggregate interference from the horizontal and vertical roads, where these two factors can be evaluated by [23] 
C. Fine-grained Reliability
The success probability P c (β, x tx , x rx ) provides a high-level performance assessment averaged over all possible vehicular traffic realizations and channel. Unpacking this average reliability and looking at it at the fine-grained or meta-level demands that we study the success probability of the individual links. In other words, we need to explore the meta distribution of the SINR [26] ; defined, using the Palm probability P o (·), as
as the conditional success probability and conditional outage probability, respectively, given the point process Φ x ∪ Φ y , and where p ∈ [0, 1] is a conditional success reliability constraint. Thus, the meta distribution
is the fraction of vehicular traffic realizations that achieve reliability, where reliability is prescribed by the target value assigned to p, and β is the threshold for SINR.
The average reliability of success can be obtained from F r (β, p) as follows: using the Palm expectation E o (·), we can obtain the moments of p c (β), the first being the average reliability of success, i.e., E o (p c (β)) = P c (β, x tx , x rx ). Rather than obtaining the exact meta distribution through the Gil-Pelaez theorem [36] , the moments could be used to approximate F r (β, p), where the beta distribution (which only requires the first and second moments) is reported to yield high accuracy [26] , [37] , [38] .
IV. EXPLICIT RELIABILITY FOR DIFFERENT CHANNELS
In this section, we are interested to tailor the average reliability metrics for communications specified by the related vehicular propagation models for suburban and urban intersections.
A. Reliability for Suburban Intersections
The channel model of (3) can be applied to the success probability in (6) . The impact of random interferers on roads-x and y are accordingly provided by the following propositions.
, where X (R x ) due to bounded PPP interferers on road-x tailored for suburban intersection evaluates to
, and in which 1 Q = 1 when the statement Q is true and 0 otherwise.
Proof: See Appendix A.
, where Y (R y ) due to bounded PPP interferers on road-y tailored for suburban intersection evaluates to
Proof: See Appendix B.
Remark 3. Studies have shown that in suburban environments, α = 2 is appropriate for intervehicular Euclidean distances below 100 m, and α = 4 for distances beyond [24] . As is detailed in Appendix A-B, both g • (α, ϑ) and h • (α, δ, ϑ) have exact closed-form expressions for α = 2.
Remark 4. Rather than a bounded region, we may evaluate the success probability impacted, in the aggregate, by infinite H-PPP interferers. Say, we denote the degradation along roads-x and
, where X ∞ and Y ∞ are determined by taking the limit of (9) and (10) as R x and R y tend to infinity
For all possible values of path loss exponent α, the above results are in fact congruent to the analysis reported in [18] .
B. Reliability for Blind Urban Intersections
For the urban intersection, we proceed by plugging the path loss model of (4) into (6) . The components along roads-x and y are provided by the following propositions.
, where X (R x ) due to bounded PPP interferers on road-x evaluated for urban intersection is similar to (9) , except the variable ζ s is replaced by
where the channel model u pl (x tx , x rx ) is characterized in (4).
Proof: Similar to Appendix A, with the exception that the contribution from the wanted signal should take into account the path loss model for the urban intersection with NLOS, WLOS or LOS; thus, ζ s is replaced by ζ u shown in (13) .
, where Y (R y ) due to bounded PPP interferers on road-y tailored for urban intersection evaluates to
where ζ u is given in (13) 
is the break-point distance of the urban intersection path loss, and the function g • (α, ϑ) is defined in (A.4).
Proof: See Appendix C.
Remark 5. It is possible to show that degradation for an urban intersection with infinite H-PPPs along roads-x and y is P
, where X ∞ is identical to (11) , and
C. Network Analysis and Design
To ensure a tolerable worst-case level of average performance, the success probability must achieve a certain preassigned target value P target ∈ (0, 1), generally close to 1, such that
over the intersection deployment region specified by B x ∪ B y , and for all V2V communications pair under consideration with positions x tx and x rx . As design parameters, we consider the transmit probability p I and its relation to road segments R x and R y . Solving for the transmit probability in this design criteria, we find that p I ≤ p * I (R x , R y ), where the optimum probability is
provided the natural condition P target ≤ P noint is met. Depending on the particular suburban or urban environment under design, we assign in (17) the pertinent variables for ζ and the appropriate channel model for pl (x tx , x rx ).
Evidently, it is possible to show that the minimum of p * I (R x , R y ) is associated with infinite HPPPs evaluated with X ∞ and Y ∞ , which we designate by p ∞ I lim Rx,Ry→∞ p * I (R x , R y ). Under the special case where the roads are of the same dimension, i.e., R x = R y = R, the optimum transmit probability simply becomes p * I (R), which we plot in Fig. 3 (with full simulation details provided in the next section). We observe that p * I (R) is monotonically decreasing in R, since a larger region of possible transmitters requires a reduction in the transmit probability in order to achieve the target performance. It is interesting to note that as R becomes larger, the inverse proportionality reaches a plateau characterized by a horizontal asymptote at p ∞ I . Also, as P target increases, the fraction of active vehicles that can transmit simultaneous to the wanted TX/RX link decreases. While keeping the same performance target, due to the communications channel quality, more vehicles can be active in the suburbs than in the city. Last, we should also be mindful that the curves represent the optimum transmit probability, which means that for a certain R = R • , we could in fact choose any p I below p * I (R • ) to meet the target. Values above the curve do not meet the performance target. 
V. SIMULATIONS AND DISCUSSION
A. Simulation Setup
Using the parameters shown in Table I , we evaluate the success probability under various conditions and scenarios. In particular, we set the vehicular traffic on both roads to be the same, i.e., λ x = λ y = λ = 0.01 #/m. For identical road segments R x = R y = R, we consider R ∈ {R p , R s } containing a subset of practical values for real-world analysis and deployment: R p ∈ {200, 500} m; and another subset utilized for stress-test analysis and fundamental limits: R s ∈ {10, ∞} km. various TX positions specified by m e ∈ N >0 equidistant points, i.e.,
for k ∈ K x ∪K y , and where m x = m e x rx /d max , K x = {k ∈ N 1 ≤ k ≤ m x ; m x >0} and
B. Sensitivity of Average Reliability to TX/RX Separation
Equipped with the above simulation setup, in this subsection, we evaluate the sensitivity of the average success probability when the TX and RX are in different locations. In particular, whereby the optimum transmit probability p * I (R) is designed to meet a target reliability of Ptarget = 0.9, at the largest V2V separation of dtarget = 100 m for reliable communications.
we design the network by considering the guidelines specified by p * I (R), while also taking into account the maximum Manhattan separation for reliable V2V communications. That is, d target = x rx −x tx 1 = 100 m, where · 1 denotes the l 1 -norm, andx tx is the position of the TX at the target, which in this case corresponds tox tx = 50 e y . As a result, we inevitably anticipate that the average reliability meets the target for different TX positions, i.e.,
when the RX is fixed, and provided x rx − x tx 1 ≤ x rx −x tx 1 .
For visualization purposes, we plot in Fig. 4 , the average outage probability as a function of TX/RX Manhattan separation, designed 4 for d target =100 m, sweeping different road segments R, and over suburban and urban channel environments. We first note that when x rx − x tx 1 = d target , a reliability of 0.9 (shown with a blue circle mark, for a corresponding outage of 0. 1) is achieved. When x rx − x tx 1 < d target , the outage reduces, while for x rx − x tx 1 > d target , the outage increases. We note that the smallest interference region (i.e., R = 200 m) corresponds to the largest transmit probability at target. Also, this smallest interference region leads to the largest outages for x rx − x tx 1 < d target , though never surpassing 0.1. This is due to the larger possibility of active transmitters in close proximity to the typical user, i.e., the RX. On the other hand, the smallest interference region leads to the smallest outages for
This is because the outage is dominated by the aggregate interference, rather than the interferers close to the RX. Hence, the larger deployment region, which has more interferers, has the largest outages. Ultimately, it is important to emphasize that a small interference region allows for a high density of active transmitters λp * I (R), while leading to relatively graceful degradation outside the interference region. We also notice that when we consider a very large deployment region, say R = 10 km, the curves nearly overlap the fundamental case for infinite region, and so this value is a feasible choice for stress-test analysis.
The outage sensitivity varies with a distinctive format as the TX moves across different regions, which is consistent with the uniqueness of the intersection path loss models. For the suburban case, there are two regions: (i) LOS: x rx − x tx 1 ∈ 0, x rx ; and (ii) WLOS: The dots on the distribution curves represent the Palm expectation.
C. Sensitivity of Meta Distribution to Network Design
In the previous subsection, we analyzed the reliability averaged over point processes of the vehicular traffic and the randomness of the channel. Examining this average reliability metric is insightful, yet it is incomplete. For instance, say we consider n PPP = 10, 000 traffic realizations, we are then intrigued to know: how many of these realizations actually meet the preset requirement for target reliability P target ? The meta distribution defined in (8) quantifies the fraction of traffic realizations that achieve a reliability constraint. In other words, the answer to the above question is: n PPP F r (β, P target ) .
To understand the sensitivity to network design, we consider the meta distribution for two cases: (i) without the application of network design, i.e., transmit probability is fixed at all times to p I = 0.02; and (ii) with network design guidelines applied through p * I (R). The setup for the simulation is similar as before, and where the TX and RX are both fixed 50 m away from the junction. Of course, the random vehicular traffic on the intersection roads vary for each of the n PPP = 10, 000 realizations. Meanwhile, for each realization, we determine the related outage value, estimated via Monte Carlo techniques based on n f = 5, 000 fading iterations. Once this process is completed for the 10, 000 realizations, we then assemble the outage data and build an n b = 150 bin histogram for the probability mass function, from which a CDF plot of the meta distribution is obtained. This is shown in Fig. 5 for different design options, channels, and road segments. From analysis, we know that
as dots in Fig. 5 .
Comparing the subfigures in Fig. 5 , we observe that when network design is not applied, the average outage 1 − P c (β, x tx , x rx ) varies from 0.56 (urban, R = 10 km) to 0.11 (suburban, R = 200 m). The corresponding meta distribution F r (β, P c (β, x tx , x rx )) varies between 0.51 to 0.85, indicating that for the urban intersection with R = 10 km about half the PPP realizations achieve the target reliability P c (β, x tx , x rx ), while this number increases to nearly 90% for the suburban intersection at R = 200 m. In other words, for small value of R, the meta-distribution exhibits a bimodal behavior, characterized by a large number of "good" PPPs and a small number of "bad" PPPs, meaning the traffic realizations lead to either very reliable or extremely unreliable communication conditions. When network design is applied (see Fig. 5b ), E o (p out (β)) = 1 − P c (β, x tx , x rx ) = 1 − P target = 0.1, while F r (β, P target ) = F r (β, 0.9) ranges from 0.8 to 0.9, meaning that a greater fraction of traffic realizations achieve the target reliability when compared to the case of no design. Note that when R = 200 m in Fig. 5b , the meta distribution for the urban channel is slightly higher than for the suburban channel since, due to design, the suburban case allows a higher value of transmit probability, i.e., more simultaneously active vehicles are tolerated. Moreover, for R = 200 m, the meta distribution is again bimodal, while for R = 10 km it is not. Overall, these results indicate that the average performance alone is not an adequate metric to assess communication reliability, but with different reasons for large and small transmission ranges.
D. Sensitivity of Fine-grained Reliability to TX/RX Separation
In the previous subsection, we looked at the meta distribution of reliability. Here, we also aim to obtain the meta distribution as a function of x tx and x rx , obtained from the fine-grained reliability plots, i.e., outage probability per traffic realization as a function of TX/RX Manhattan separation. We consider the same setup explained in the previous section (now designed for grained reliability, i.e., m e × n ppp = 140 × 10, 000 = 1.4 Million outage values that must be estimated, and where each of these values is averaged over n f = 5, 000 fading iterations.
Similar to Fig. 4 , in Fig. 6 , we plot the average outage 1 − P c (β, x tx , x rx ) (with an axis on the left), and the meta distribution F r (β, P c (β, x tx , x rx )) (with an axis on the right) both as a function of x rx − x tx 1 . With increasing x rx − x tx 1 , 1 − P c (β, x tx , x rx ) increases, while Overall, we find that the generally accepted notion that reliability for a particular traffic realization will be in relative proximity to the average is utterly misleading. In fact, in this case, averages are essentially an oversimplified distortion of reality. They provide ballpark values, but these values may not necessarily exist for a particular vehicular traffic scenario as shown here.
VI. CONCLUSION
V2V communication is critical for future intelligent transportation systems. A key performance metric is the probability of successful packet delivery in the presence of interference. In this paper, we analytically characterized the success probability for suburban and urban intersections based on specialized path loss models. It turns out that these path loss models are amenable for mathematical analysis and lead to exact closed-form expressions for different path loss exponents and finite interference regions. The derived expressions can aid in the communication system design task, complementing time-consuming simulations and experiments. In particular, we found that from a system perspective, it is beneficial to limit interference to a small spatial region, while allowing more simultaneous transmitters. We also explained the notion of network design in order to ascertain a target reliability. This was coupled with the meta distribution, where it was shown that a small road segment can lead to a higher fraction of traffic realizations that achieve the target reliability, as compared to infinitely long roads. Finally, fine-grained reliability per traffic realization reveals a bimodal distribution outcome for practical real-world deployment over short road segments, thus indicating that traditional metrics based on averages are important, but not sufficient, for ultra-reliable applications such as V2V communications.
APPENDIX A PROOF OF PROPOSITION 1:
We consider random interferers on road-x characterized by Φ x ∼ PPP (p I λ x , B x ). We substitute the channel model of (3) into (7), and since x rx = x rx e x and x = xe x , the multidimensional integration reduces to
At present, to solve (A.1), two possible cases arise.
Case I -RX is Inside Bounded Set B x : x rx ≤ R x : Due to |x rx − x|, the above integral must be split in two parts, namely
If we let u = (x rx − x) /ζ s for the first part, and v = −u for the second, (A.2) becomes
where the recurring function g • (α, ϑ) is defined below. Meanwhile, we should underscore that due to the symmetry in (A.3), it is possible to replace x rx by x rx , while still remaining compatible when x rx < 0. Case II -RX is Outside Bounded Set B x : x rx > R x : The RX must be outside the region of H-PPP interferers on road-x; therefore, we may consider x rx < −R x or x rx > R x . Due to symmetry, the final result will be identical. As it is more evolved, here we opt to demonstrate the derivation with a RX positioned on the negative axis. Thus, we replace |x rx − x| by (x − x rx ) in (A.1), while taking the integration over |x| ≤ R x ; also, realizing that −x rx = x rx , we get We analyze random interfering vehicles on road-y modeled by Φ y ∼ PPP (p I λ y , B y ). The RX is positioned at x rx = x rx e x and the interferers are located at x = ye y . After substituting these spatial parameters and the channel model of (3) into (7), we find that We consider random interferers on road-y modeled by Φ y ∼ PPP (p I λ y , B y ), where the RX and interferes are accordingly located at x rx = x rx e x and x = ye y . Taking into account these parameters and substituting the propagation model for urban intersection of (4) into (7), we 
